Objectives: To construct and validate a prediction model of preference-adjusted health status (EQ-5D) for metastatic hormone-refractory prostate cancer (HRPCA) patients using cancer-specific health-related quality of life (HRQoL) measures. Results: OLS regression with both HRQoL measures as individual components and patient demographics was the best-performing model. It explained 58.2% of the observed EQ-5D variation in the validation sample. A model including only the prostate cancer-specific HRQoL measure, FACT-P, explained 53.5% of the observed EQ-5D variation.
Introduction
Prostate cancer is a common disease among men in many Western countries. After the age of 40 years, the prevalence of prostate cancer increases significantly, up to 80% by the age of 80 years [1] . Currently, there are approximately 1.9 million patients with prostate cancer in the United States [2] . Although most prostate cancer patients initially respond to hormoneablation treatment, many go on to develop metastatic hormone-refractory prostate cancer (HRPCA), which eventually causes patient death [3, 4] . Each year, approximately 30,000 patients die of HRPCA [5] . Metastatic HRPCA is a disease associated with debilitating symptoms, specifically severe bone pain, reduced life expectancy, and no possibility of cure. In this setting, the focus is usually on palliative therapies that provide symptom relief. Multidimensional health-related quality of life (HRQoL) measures, such as the Functional Assessment of Cancere TherapyProstate (FACT-P) and the European Organization for Research and Treatment of Cancer Quality of Life Questionnaire (EORTC QLQ-C30), provide patients with tools to subjectively evaluate their own health status. Nevertheless, these HRQoL tools do not provide information on preference-adjusted health status. This can be captured using tools such as the EuroQoL 5D (EQ-5D). The preference-adjusted health status measures are crucial to developing the cost-utility models used in appraising health-care technologies.
HRPCA trials routinely collect HRQoL information. Nevertheless, preference-adjusted health status data such as EQ-5D values are rarely collected, primarily because of the concerns of patient burden. When patient health status information is not collected, models are needed that can reasonably predict health utilities based on the HRQoL data to study the costutility of interventions. Previous research resulted in the creation of health utility measures, in particular the HUI, derived from the Short-Form-36 (SF-36) questionnaire and its abbreviated form, the SF-12 [6] [7] [8] [9] . Others have also derived mapping from SF-12 to EQ-5D [9, 10] . Such models, which map HRQoL to health utilities, do not exist for the metastatic HRPCA population. Therefore, the objective of this study is to derive a prediction model of metastatic HRPCA patient preference-adjusted health status measured with EQ-5D using patient demographics and patient HRQoL measured by two cancer-specific HRQoL questionnaires: the FACT-P and the EORTC QLQ-C30. The development and test of the model used data from a multinational HRPCA prospective observational study.
EQ-5D is a standardized instrument used to measure preference-adjusted health status; it is cognitively simple and takes only a few minutes to complete. It is applicable to a wide range of health conditions and treatments and provides a simple descriptive profile and a single index value for health status. It is designed to be completed by the respondents themselves and is ideally suited for use in postal surveys, in clinics, and in face-to-face interviews. Recently, EQ-5D preference weights specific to the United States have been developed [11] . Nevertheless, a majority of the literature on the EQ-5D have used UK preference weights. To keep results consistent across study centers in different countries, and comparable to previous research, we applied the UK preference weights in this analysis.
FACT-P comprises the Functional Assessment of Cancer Therapy-General (FACT-G) and a prostate cancer subscale [12] . The FACT-G includes 29 items that measure HRQoL in cancer patients and is completed by the patients themselves. It consists of five subscales measuring physical, functional, social/family, and emotional well-being and satisfaction with the doctor-patient relationship. The FACT-G can be selfadministered or used in an interview format. The prostate cancer subscale of the FACT-P includes 12 items specifically designed to measure the HRQoL in prostate cancer patients. The FACT-P is scored by summing the five subscales of the FACT-G plus the prostate cancer subscale to yield a comprehensive HRQoL score [13] .
The EORTC QLQ-C30 includes 30 items and is composed of scales that evaluate functioning, symptoms, and overall health. Like the FACT-P, it can be self-administered or used in an interview format within 11 to 12 min [14] . Functioning scales include physical (five items), emotional (four items), cognitive (two items), role (two items), and social (two items) functioning as well as global health status (two items). Symptom scales measure nausea and vomiting (two items), fatigue (three items), and pain (two items), and six single items assessing financial impact and various physical symptoms. Possible scores range from 0 to 100, with higher mean scores on the functional scales representing better functioning and higher mean scores on the symptom scales representing worse symptomatology.
Methods

Study Sample and Data Collection
The study sample came from a multicenter, prospective observational study of patients with metastatic HRPCA conducted between June 5, 2002 and January 8, 2004 . Study centers were located in North America, Europe, and Australia. Inclusion criteria were as follows: 19 years or older; histologically documented diagnosis of prostate adenocarcinoma (PCa) with hormone-refractory status. Patients were excluded if they were unable to comply with the requirements, had received an investigational product 4 weeks before the first day of the study, or were eligible for and planned to enter a study with another investigational product at enrollment.
Patient preference-adjusted health status (measured by EQ-5D) and HRQoL (measured by FACT-P and EORTC QLQ-C30) were collected at enrollment and follow-up visits at 3, 6, and 9 months after enrollment. The HRQoL data from this study have been presented previously [15] . Patient demographics and oncological history/disease staging information were collected at enrollment. The demographic information recorded included patient country, race, age, height, and weight as well as insurance status, educational level, marital status, and distance between residence and treatment center. Informed consent was required before patient enrollment.
Model Selection
Three different regression methods were used to build prediction models. First, ordinary least square (OLS) regression was used to construct linear prediction models of EQ-5D. Second, two additional regression methods were included in the model selection to address the potential ceiling and floor effects routinely observed with preference-adjusted health status responses: 1) OLS regression using only observations with an EQ-5D summary score less than 1; and 2) median regression. The median regression method estimates coefficients by minimizing the sum of the absolute value of observed outcome variation from the regression line [16, 17] . Even though the median regression model does not explicitly deal with censoring, previous research showed that it is equivalent to censored least absolute deviations regression when censoring occurred in less than 50% of the study sample [18] .
Patient HRQoL and demographics were included in the prediction models. To increase the usability of the developed mapping algorithm, we only included the most basic, and commonly collected, demographics. The majority of the patients enrolled were white (98%). Therefore, race was not included as a demographic effect in the models. To include HRQoL measures in the prediction model, for each of the regression methods identified above, four different sets of explanatory variables were compared to select the best model specification: The demographic variables included in the model specifications were patient country, age, age-squared, and body-mass index (BMI) computed from the recorded patient height and weight. If the predicted value of EQ-5D fell outside the defined range of [-0.594, 1.000], then it was truncated to the appropriate boundary value.
When assessing prediction model performance, algorithm development data must be distinguished from the data used for model performance assessment. Because a prediction model usually performs better with the data that were used in its development, it is critical to evaluate how well the model works with other data sets. This approach is generally referred to as cross-validation. Following on previous research, we estimated the cross-validation R 2 as the primary indicator of prediction model performance [19] [20] [21] [22] . Cross-validation sum of squared errors (SSE), the absolute deviation of the predicted mean, and the first quartile, median, and third quartile of the absolute deviation, were also estimated as secondary indicators of prediction model performance. Selection of the model was based mainly on the primary indicator. The secondary indicators were used to further check the performance of the selected model and as a benchmark when the model selection is not obvious based solely on the primary indicator (i.e., the cross-validation R 2 ). To calculate the crossvalidation model performance indicators, the study sample was first divided into 10 equally sized groups. Each group was used successively to test each model and the remaining 90% of the sample were used to fit the prediction model. The resulting estimated prediction model was then used to estimate the performance of the original 10% of the sample. Finally, the estimated error terms were pooled to estimate the overall performance of the model.
Additional Tests and Refinement of the Selected Model
The best-fit model was further refined to improve performance and simplicity. The modified models were compared with the original model using crossvalidation statistics and the final model was selected based primarily on the validation R 2 . F-tests were also conducted for models with simplified specifications to test whether the simplifications were reasonable. The modified models included the following specifications: 1) excluding EORTC QLQ-C30; 2) using a more coarsely grouped country variable (United States, Canada, Australia, Europe); 3) excluding country effect only; 4) excluding both country effect and BMI; 5) excluding BMI only; 6) adding second order HRQoL terms (i.e., square and interaction terms); and 7) adding BMI squared.
Results
Study Sample Characteristics
The study enrolled 280 patients in seven countries: Australia (n = 40), Canada (n = 48), France (n = 26), Germany (n = 34), Italy (n = 52), the UK (n = 29), and the United States (n = 51). Italy had the highest proportion of patients (18.6%), whereas France had the smallest (9.3%). The majority of the patients enrolled were white (98%); therefore, race was not included as a demographic effect in the models. The study sample had an average age of 72.4 years (SD = 9.0) and an average BMI of 72.4 (SD = 9.0).
As a result of the large number of patient dropouts and deaths during the study, only the baseline EQ-5D and quality of life data were used to develop the mapping algorithm (prediction model). This approach was taken to simplify the model and to avoid making additional assumptions regarding missing values and early patient dropout. Table 1 presents descriptive statistics of EQ-5D and HRQoL measures at the baseline visit.
The average baseline EQ-5D is 0.64 (SD = 0.31), with a median of 0.73 and a skewness of -1.53.
Model Selection
The three regression methods had four different specifications each, for a total of 12 model specifications. The cross-validation results for all prediction models are presented in Table 2 . The best-performing model is the OLS model using the component scores of FACT-P and no interaction terms. 
Additional Tests and Refinement of the Selected Model
None of the simplified models with modified specifications generated cross-validation R 2 higher than its original model. The results of testing other specifications are presented in Table 3 . The F-test results of various restricted models indicated that all of the restrictions significantly decreased the ability of the prediction model to explain the variation of the observed EQ-5D values, with the exception of the model excluding only BMI (P = 0.04). This simplified model has a crossvalidation R 2 of 0.578, very close to that of the full model. Therefore, researchers should use the original prediction model whenever possible. Nevertheless, when BMI is not collected, a simplified model can be used without significantly sacrificing the prediction power of the model.
A simplified model excluding EORTC QLQ-C30 as an independent variable had a cross-validation R 2 of 0.54, a cross-validation SSE of 1.02, a mean absolute deviation of 0.15, and a median absolute deviation of 0.10. When run on the full sample, instead of the cross-validation samples, the model produced an R 2 of 0.62. This model can be used to predict HRPCA patient EQ-5D when only FACT-P data are collected for HRQoL. Therefore, it may be of particular interest to researchers who only collect FACT-P from HRPCA patients. The weights for the final full linear prediction model and the restricted model excluding EORTC QLQ-C30 are presented in Table 4 . 
Discussion
The prediction model of patient preference-adjusted health status constructed and tested in this study had good predictive validity for metastatic HRPCA. It predicted 58.2% of the observed EQ-5D variation in the cross-validation sample, and 73.2% of the variation in the development sample. In comparison, Nichol et al. [6] predicted 50% of the observed variance in HUI scores using SF-36 scores, and Sengupta et al. [7] predicted 47% of the observed variance in HUI using SF-12 scores. Gray et al. [10] compared the performance of their mapping algorithm of SF-12 to EQ-5D with the one developed by Franks et al. [9] . Gray's mapping algorithm had a mean absolute deviation of 0.15 for patients with long-standing illness, whereas Frank's mapping algorithm had a mean absolute deviation of 0.14 for the same study sample. Our study sample had a mean absolute deviation of 0.146, comparable to the other two models ( Table 5 ).
The inclusion criteria of the study are rather broad and future clinical studies will most likely apply similar criteria. Therefore, the study participants are likely to be good representatives of potential population of individuals who might participate in future HRPCA clinical trials.
In the process of selecting models, we found that overall, models with interaction terms of HRQoL and demographic variables performed worse than those without interaction terms. This is likely due to overfitting of the model when interaction terms were included, which made the prediction model fit "too well" for the development sample. This is usually caused by the inclusion of variables that are useful predictors of outcome variables in development data, but do not generalize well to other data [23] . At baseline, 13.8% of the study sample had the highest possible EQ-5D score (1.000) and only 0.7% had the lowest possible score (-0.594). Therefore, floor effect was not considered in the study. For the study of patient HRQoL and preferenceadjusted health status, comparison of results across different studies and different diseases is important. As a generic health status measure, EQ-5D has been widely used in research of different diseases and conditions. Therefore, when the actual measure of EQ-5D is not available, the ability to "translate" cancer and prostate cancer-specific HRQoL measures to EQ-5D makes it possible to compare outcomes from HRPCA patients with those from patients with different kinds of cancer or with other diseases. Furthermore, linking HRPCA patient HRQoL to a single-dimension generic preference-adjusted health status measure also enables the calculation of quality of life-adjusted life-year and the analysis of cost-utility. With the advance of cancer treatment, prolonged patient lives, awareness of patient quality of life, and constrained health-care budgets, the ability to estimate cost-utility of interventions and to compare them across different interventions and diseases is becoming ever more important for decision-makers to optimize medical resource allocation. Of course, a translated measure of EQ-5D should be considered a fix, rather than a substitution, for actual health status information. We recommend the collection of EQ-5D in future prospective studies of HRPCA patient when resources allow.
Population average EQ-5D varies by demographics characteristics, economic status, social class, and population base across different countries [11, 24] . Our final mapping algorithm in Table 4 showed that HRPCA patients in different countries have different baseline EQ-5D when the UK preference weight is used.
In this study, we decided a priori to use crossvalidation R 2 as the primary measure of model predictive validity following previous research [19] [20] [21] [22] . Because OLS seeks to minimize the residual sum of squares and median regression seeks to minimize the absolute deviation, normally OLS will outperform median regression using cross-validation R-squared as the selection criterion. The purpose of applying median regression as an alternative model is that it may outperform OLS when there is ceiling effect. Judging from cross-validation R 2 , OLS is still a better prediction model compared with median regression at the presence of current level of ceiling effect. Nevertheless, as Table 2 showed, the median regression model outperformed OLS on measures of absolute deviation. Given that the unconditional distribution of EQ-5D is skewed, median of absolute deviation could be the preferred measure of predictive validity. In that case, the median model will outperform OLS according to results in Table 2. A limitation of using regression methods to develop a prediction model is that the prediction precision may be arbitrarily increased because of the fact that predicted values always have the same average as the observed values in the model development sample. A second limitation of the study is the lack of racial diversity of the study sample. Future studies with larger samples and a more diversified racial profile may be conducted to evaluate the prediction model developed in this study. In addition, the mapping algorithm was developed based on the UK preference weight of EQ-5D. Future study may be conducted to develop the mapping algorithm based on the recently developed US preference weight of EQ-5D to yields preferences that are more culturally relevant to the US population. Another limitation of the study is that it did not address how well the predicted EQ-5D measure intervention effect compared with the observed EQ-5D. Future studies with longitudinal measures of EQ-5D should be conducted to assess the mapping algorithm's ability to accurately assess impacts of interventions.
